Ultrasound images of muscle fascicles have been widely used to investigate muscle properties for diagnosis and rehabilitation assessment.The existing automatic fascicle detection and measure methods are based on line detection techniques which do not exactly coincide with the true state of the muscle images. This affects their detection and measure accuracy and depresses their robustness to background interference. In this work, a novel discrete transform namely Belt Linear Summation (BLS) transform is proposed. Unlike the line transform techniques which calculate the sum of pixels on a straight line in images, the BLS transform intends to determine the weighted summation of a belt of pixel values. Based on BLS transform, an automatic fascicle detection and measure method is designed. The performance of the proposed method is compared to the recent automatic fascicle detection and measure methods using both simulated images and clinical images. Experimental results show that the proposed method is robust to background and noise interference, accurate in terms of muscle pennation angle measurement, and feasible for analyzing clinical data.
I. INTRODUCTION
Muscle fascicular property changes can reflect neuromuscular disorders and pathological changes [1] , [2] . So measuring muscle state parameters associated with muscle fascicular property is very meaningful to both diagnosis and rehabilitation assessment. Since ultrasound imaging is inoffensive, feasible and with low cost, evaluating muscle fascicles via ultrasound images has attracted more attentions [3] , [4] .
Thickness, length and pennation angle are important and frequently-used muscle state parameters for quantitatively evaluating muscle fascicles. In ultrasound images, muscle fascicles in vivo can be visualized as hyperechoic line structures [5] . Early methods manually measured muscle state parameters from ultrasound images with the help of related software such as ImageJ, they are subjective and very inefficient. So, automatic fascicle detection and measure The associate editor coordinating the review of this manuscript and approving it for publication was Senthil Kumar. method is desired for quantitative evaluation of muscle fascicles.
Zhou and Zheng [6] proposed an automatic method for estimation of muscle pennation angle in ultrasound images based on revoting Hough transform (RVHT). In their method, the edge map of an ultrasound image is converted into Hough domain by using Hough transform, and the global peak in the Hough domain is detected. In view of the theory of Hough transform [7] , a straight line in the ultrasound image is obtained based on the detected peak. Then, all the pixels close to or at the straight line are eliminated from the edge map and the same procedure is repeated on the update edge map until the maximum in Hough domain becomes lower than a prescribed threshold, such repeated voting procedure is called revoting. Thus, the straight lines in the ultrasound image are detected one by one, and the muscle pennation angle is determined by calculating the intersection angle between the detected line for aponeurose and that of the muscle fascicle.This method can automatically estimate the muscle VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ pennation angle, but its performance greatly depends on the results of the edge detector, which is relatively sensitive to speckle noise. In order to enhance fascicle structures in ultrasound images, multiscale vessel enhancement filtering [8] has been proposed. However, it only adopts to vessel-like fascicle structures. Zhou and Zheng [9] and Zhou et al. [10] proposed an automatic method to measure the pennation angle from the ultrasound images using multiple resolution analysis and Hough transform. They increased the weights of line-like structures in Hough transform using Gabor wavelets, and measure the pennation angle using Hough transform. This method is less sensitive to background noise, but its tolerance for noise is not strong enough for high-intensity speckles and some prior knowledge must be used.
Based on the fact that the inherent integration operation of Radon transform can significantly improve signal-to-noise ratio, and has a high tolerance to background noise [11] , [12] , Zhao and Zhang [13] developed a muscle pennation angle estimation method similar with RVHT, instead of Hough transform on edge maps, they utilized Radon transform directly to deal with the raw ultrasound images, the same repeated voting procedure was conducted on Radon domain to detect the straight lines in ultrasound images successively. Chen et al. [14] used Radon transform in the frequency domain to measure fascicle orientation. In their method, Fourier transform is first applied to the raw ultrasound image and then Radon transform is used in the frequency domain to find a dominant orientation of the fascicles. Yuan et al. [15] used the normalized Radon transform to locate aponeuroses and divide the muscle structure. Then, vast peak points were extracted in the Radon transform gradient matrix to detect fascicles,and the pennation angle was measured by weighing the average orientation of all the fascicles. These methods directly start with raw ultrasound images without the need for any edge detection process, and less sensitive to background noise due to the usage of Radon transform. However, since Radon transform is defined in the continuous domain, and image functions are the discrete functions defined over N ×M discrete grids, this will lead to the error of resampling. Furthermore, as shown in Fig.1 , the muscle fascicle in ultrasound images really presents a belt of hyperechoic dots in ultrasound images. So the aforementioned methods based on line detection have limited precision and tolerance to background noise. In addition, the essential revoting strategy in the line detection methods increases the calculation cost.
In this paper, motivated by the fact that the muscle fascicle presents a stripe structure in ultrasound images, a novel discrete transform namely Belt Linear Summation (BLS) transform is proposed. Unlike Radon transform which calculates the sum of pixels on a straight line in images, the BLS transform intends to determine the weighted summation of a belt of pixel values between two straight lines perpendicular to the direction of θ, its advantages over Radon transform are (1) Perfect fit for the true state of the muscle image; (2) directly defining in the discrete image domain; (3) by using non-maximum suppression with appropriate parameters, the revoting strategy can be avoided completely. Our proposed method is further validated using both computer simulation and clinical data. The results show that the proposed method has good performance in detecting and measuring fascicles in raw ultrasound images.
The outline of this paper is as follows: the definition and related remarks for BLS will be provided in Section 2. The scheme of the proposed method is described in Section 3, and the experimental results are provided in Section 4. Finally, in Section 5, the future work and the concluding remarks are presented.
II. DEFINITION AND RELATED REMARKS FOR BLS A. DEFINITION 1(BLS)
Given a discrete image function f (i, j), 1 ≤ i ≤ N and 1 ≤ j ≤ M , the BLS transform is defined as
Here,
and
where δ(.) is the Dirac function, ρ is the perpendicular distance of the center of the belt from the origin O[See Fig.2 ], θ is the angle between the orientation of the belt and j-axis, i.e., θ ∈ [0, π). r = k ×[(i− N 2 ) cos θ +(j− M 2 ) sin θ], k is an positive real, * denotes the under floor function, and * denotes the upper floor function, which are defined as follows
and 
B. REMARK 1
The BLS transform can be comprehended as the weighted summation of a belt of pixel values between two straight lines perpendicular to the direction of θ, and the width of the belt is 2 k . According to Eqs.(2)(3), each point of BLS transform can be comprehended as the the weighted sum of pixels which meet the following condition,
Since k is an positive real, we have
Obviously, the BLS transform adds up a band of pixel values between two straight lines perpendicular to the direction of θ with the intercept on the x axis of ρ−1 k cos θ and ρ+1 k cos θ respectively. The width of this band can be obtained by
SNR has been increased by a factor of about 4(N R +1) 3k after BLS transform, here N R is the radius of the circular area in terms of pixels.
The image function f (i, j) can be comprehended as the pure image function f 1 (i, j) corrupted by noise η(i, j), we have
Suppose f (i, j) is a 2-D discrete signal whose intensity values are random variables with mean µ and variance σ , and η(i, j) is white noise with zero mean and variance σ n . Each point of p(ρ, θ) can be comprehended as the weighted sum of n ρ pixels of f (i, j). In order to simplify calculating, neglecting the weights, the variance and mean of p(ρ, θ) can be approximately estimated by var(p(ρ, θ)) ≈ n ρ σ 2 (10) and mean(p(ρ, θ)) ≈ n ρ µ (11) where n ρ can be approximately estimated by
where N R is the radius of the circular area in terms of pixels, and ρ varies from −kN R − 1 to kN R . The average of
Let E{*} be the expected value, and E p = E{aver(p 2 (ρ, θ))}. Then
Obviously, the signal-to-noise ratio (SNR) of the original image f (i, j) is given by
For the signal p(ρ, θ), according to Eq. (14), we have
Thus, the signal-to-noise ratio (SNR) of p(ρ, θ) can be estimated by
can be estimated by
Thus,
Therefore, using BLS transform, the signal-to-noise ratio is increased by
, which is a large quantity.
Alternatively, in many practical cases, σ 2 s µ 2 s , Eq.(21) can be rewritten as
This shows that SNR has been increased by a factor of about
, which is practically a large quantity, for example, for an 128×128 image, N R = 64, k = 0.5 and 4(N R +1) 3k ≈ 173.33, Hence, BLS transform is very robust to additive noise.
D. REMARK 3
A stripe of hyperechoic pixels corresponding to an aponeurosis or muscle fascicle along the orientation θ in ultrasound images will result in a peak in p(ρ, θ) atθ, which can be determined byθ
According to the definition of BLS transform, p(ρ, θ) denotes the weighted summation of a belt of pixel values between two straight lines perpendicular to the direction of θ, a stripe of hyperechoic pixels corresponding to an aponeurosis or muscle fascicle along the orientation θ in ultrasound images will result in a peak in p(ρ, θ) atθ which is perpendicular to the direction of θ . Considering that the range ofθ is between [0, π), as shown in Fig.(2) , if θ < π 2 , thenθ = θ + π 2 elseθ = θ − π 2 . So, we havê
(24)
III. THE PROPOSED METHOD
Our method comprises two stage, the first stage consists of three steps described as follows:
Step 1: convert the ultrasound image into p(ρ, θ) by using the BLS transform with k = 0.25 and θ varying from 0 • to 179 • with 1 • increments.
Step 2: let i = 1 and detect the maximum denoted as p m i (ρ i , θ i ) from p(ρ, θ) and then the p(ρ, θ) is dealt with non-maximum suppression just as
Step 3: i = i + 1, repeat Step 2 until i > T , where T is a prescribed threshold. As a result, an ordered sequence of θ denotes as {θ i }, 1 ≤ i ≤ T is obtained.
In the stage 2, in order to accurately determine θ i , for each θ i , the ultrasound image is converted to p i (ρ, θ) by using the BLS transform with k = 0.5 and θ varying from θ i −1 • to θ i +1 • with 10 −s increments. The reason that we set k = 0.5 is to provide more finer peak structure by reducing the width of the pixel band. So, θ i can be estimated with 10 −s precision bŷ
Obviously, the measurement precision of our method can be adjusted by s, e.g. s = 1,2 corresponding to 0.1 and 0.01 measurement precision respectively. According to the remark 3, the orientation θ of the aponeurosis or muscle fascicle corresponding to the peak p m i (ρ i , θ i ) can be determined by Generally, in ultrasound images, as shown in Fig.(1) , the hyperechoic signal from the deep aponeurosis is significantly stronger than that of muscle fascicle and superficialis aponeurosis, accordingly, the first peak p m 1 (ρ 1 , θ 1 ) corresponds to the deep aponeurosis and θ 1 represents its direction, so the muscle pennation angle of the muscle fascicle corresponding to θ i can be determined bȳ
where mod is the complementation operator.
IV. EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS
In order to validate the performance of the proposed method, two kinds of data sets are used in the experiments, one is an artificial image set produced by the artificial data mode used in [13] , and the other is an clinical data set collected by us. A comparison of the performance of this method with the state-of-the-art automatic methods for fascicle detection and measure including Gabor Wavelets and Hough Transform (GWHT) [10] , Localized Radon Transform (LRT) [13] , Radon Transform in Frequency Domain (RTFD) [14] and Radon Transform Gradient Matrix (RTGM) [15] was performed.
A. PERFORMANCE ON THE ARTIFICIAL DATA SET
As shown in Fig.3 , in the artificial data mode, The angles between the simulated aponeuroses and the horizontal direction are 0 • and 5.7 • , respectively. The angles between the simulated fascicles and the horizontal direction are 44.5 • and 58.4 • , respectively. Two artificial images were considered in this experiment. Image 1 is the resultant image from the the artificial data mode with 40 dB dynamic range. To make the gray scale values of belt structures closer to the background, image 2 with 50 dB dynamic range is obtained, so that it becomes more difficult to extract the lines from this image. The results of the two images handled by the BLS transform with k = 0.25 and θ varying from 0 • to 179 • with 1 • increments are shown in Fig.5 . As can be seen from this figure, corresponding to the four lines, there are four obvious and stable peaks. This indicates that all the four lines in the two images can be detected correctly.The line detection results for the image 1 and 2 in Fig.4 using the aforementioned methods are shown in Fig.6 and 7 respectively. It can be observed that,the four lines are correctly detected from image 1 by using the all methods, whereas for image 2, the four lines are correctly detected with GWHT, RTGM and the proposed method, but only three lines are correctly detected using LRT without angle localization [13] . This demonstrates that the BLS transform is more robust to background and noise interference than Radon transform. Although the undetected line can be correctly detected by using LRT with angle localization, the prior knowledge about the orientation of the line must be necessary. This degrades its practicality and adaptability, whereas the proposed method does not require any prior knowledge, so it has a higher practicality and adaptability to be applied in the detection and measurement of muscle fascicles in ultrasound images. The estimation results of the angles between the four lines and the horizontal direction are listed in Table 1 and Table 2 , note that the results are standardized to 0 ∼ π 2 . As can be seen from the tables, the accuracy of the estimation results with our method is generally higher than that of the methods. So it has a very high potential to be applied in the detection and measurement of muscle fascicles in ultrasound images.
B. PERFORMANCE ON THE CLINICAL DATA SET
To further validate the performance of our proposed method, as shown in Fig.8 , four ultrasound images of gastrocnemius muscle fascicles were collected from four subjects using a commercial ultrasound imaging system, Mindray M5 with a 12 MHz linear array probe. The subjects were young men, 22 ∼ 26 years old, sitting posture, knee joint nearly 90 • . The resulting ultrasound images are shown in Fig.9 , all of them are 256 grayscale images with size of 424 × 262. For the first image, the 3D stereograms of the BLS transform (k = 0.25, θ = 0 • , 1 • . . . 179 • ), and the results before the peak detection obtained by the other methods are shown in Fig.10 . As can be seen from Fig.10 , for our method, there are two stable and significant peaks corresponding to the deep aponeurosis and the most obvious muscle fascicle in the ultrasound image respectively, This indicates that the muscle pennation angle can be determined stably and easily from the BLS transform results. Furthermore, in the proposed method, nonmaximum suppression is performed directly on the BLS transform domain. It can be seen from Fig.10(a) , with the range of |ρ − ρ i | ≤ 20 and |θ − θ i | ≤ 5 • ,  TABLE 3 . The muscle pennation angle for the four image in Fig.9 . here (ρ i , θ i ) denotes the centre of the pending peak, the nonmaximum suppression can effectively depress the big values around the first peak resulted from the deep aponeurosis. So, in the proposed method, the muscle pennation angle can be determined by only considering the first two peaks in BLS transform domain. whereas, for the LRT method, the second peak is split into a number of small sharp impulses, which will affect the detection accuracy. Moreover, since the deep aponeurosis generally induces a broad hyperechoic belt in ultrasound images, around the first peak, there are many points which values exceed the peek corresponding to the muscle fascicle, so in the revoting strategy, eliminating all the pixels close to or at the detected straight line in the spatial domain can not effectively wipe off the broad hyperechoic belt. Accordingly, many straight lines own to the belt may be picked out before the peek corresponding to the muscle fascicle is detected. This will increases the difficulty and error probability of determining which line detected corresponding to the muscle fascicle. As for the GWHT method, the peak corresponding to the muscle fascicle is distinct, but the deep aponeurosis induces a broad ridge with some small peaks. This will increase the difficulty to determine the orientation of deep aponeurosis, thereby, affecting the muscle pennation angle measurement accuracy. In the results for RTFD and RTGM methods, beside the two peaks, there are several peaks resulted from the superficialis aponeurosis, and these peaks will disturb the detection and measurement of the muscle fascicle's orientation. In order to obtain the stable results of the muscle fascicle's orientation, the prior knowledge about the range of the orientation must be necessary.
The measure results for the four ultrasound image in Fig.9 by using these methods are listed in Table 3 . Note that in LRT method, the straight lines own to the broad hyperechoic belt induced by the deep aponeurosis are obtained in the revoting strategy before the peek corresponding to the muscle fascicle is detected. So the RT with angle localization was utilized to detect the straight line corresponding to the muscle fascicle and the range of angle localization was determined by using the prior knowledge about the range of the angle between the deep aponeurosis and muscle fascicles. In RTFD and RTGM methods, this prior knowledge must be used to clarify the confusion from the superficialis aponeurosis as well. As can be seen from this table that the measure accuracy of the proposed method is obviously higher than that of the other methods, and the larger measurement error in RTGM may be resulted from the weighted average process. Since no prior knowledge is required in the proposed method, our approach is more suitable for practical applications in comparison with the other methods. Given an image with size of N × M , according to Eqs.(1)(2)(3), the calculation of BLS comprises 5NMK θ multiplication / division operations and 5NMK θ + kK θ √ N 2 + M 2 add / subtract operations, here K θ denotes the total number of variables θ. Based on Eq.(29), the calculation of RT consists of 2NMK θ multiplication / division operations and 3NMK θ add / subtract operations. For the Hough transform used in GWHT, its calculation comprises 2NMK θ multiplication /division operations and NMK θ add/subtract operations.
For the proposed method with 0.1 • measurement accuracy, in the step1 of stage 1, K θ = 180, for each detected peak, in stage2 K θ = 20. So, in our method, the calculation of BLS comprises (900 + 100T )NM multiplication / division operations, and (900 + 100T )NM + (45 + 10T ) √ N 2 + M 2 add / subtract operations, here T denotes the total number of the detected peaks, whereas for the other method with 0.1 • measurement accuracy, K θ = 1800. Note that in the revoting strategy, for each detected peak, after the pixels of the corresponding peak were deleted, the resultant image must be re-transformed. Thus, under an ideal state where the pixels of the corresponding peak may be deleted at one time, which is hardly possible in practical applications, for LRT, RTFD and RTGM methods, the calculation of RT consists of equal or greater than 3600TNM multiplication / division operations and 5400TNM add / subtract operations. Considering that,in RTFD and RTGM methods, the computational cost of Fast Fourier transform (FFT) and the gradient operation in Radon domain must be included, and their subsequent detection processes are similar with that of LRT, so among these Radon transform based methods, the LRT method outperforms over the two methods in computational efficiency. Therefore, in subsequent analysis, we select LRT as the representative method of the Radon transform based methods. Since in GWHT method, they detected the deep aponeurosis using Radon transform, and then the muscle fascicles were detected by using Hough transform, before the usage of Hough tranform, Gabor wavelet with 30 orientations was performed. So, the calculation of these transforms comprises 3600TNM +60NM log 2 (NM ) multiplication / division operations, and 5400NM +1800(T −1)NM +30NM log 2 (NM ) add / subtract operations, Similarly, the computational complexities for each step of the three methods are listed in Table 4 . As can be seen from this table, that (1) the computational complexities of all steps in the proposed method are lower than the comparison algorithms, (2) for the clinical data set shown in Fig.9 , in the proposed method, the muscle pennation angle can be determined by only considering the first two peaks in BLS transform domain, i.e. T = 2, accordingly, the computational cost for transform of the proposed method comprises approximately 1100NM multiplication / division operations and 1100NM add / subtract operations, whereas for the other methods,under an ideal state where the pixels of the corresponding peak may be deleted at one time, the calculation of Radon transform in Radon based methods consists of about 7200NM multiplication / division operations and 10800NM add / subtract operations, which is about 6.5 times the multiplication and division operation and 9.8 times add / subtract operations of our algorithm. As to GWHT method, the calculation of Radon transform and Hough transform comprises 7200NM multiplication / division operations and 7200NM add / subtract operations, which is about 6.5 times that of our method. So the computational cost of the proposed method is significantly lower in comparison with the other methods.
V. CONCLUSION
We have presented an automatic detection and pennation angle measurement of muscle fascicles in ultrasound images based on a novel discrete transform namely Belt Linear Summation (BLS) transform. Since a muscle fascicle really results in a belt of hyperechoic dots in ultrasound images, the proposed method outperforms over the existing methods based on line detection technique in terms of detection and measure accuracy, robustness to background and noise interference and computational efficiency. The experimental results on both simulated images and clinical images show that compared with the state-of-the-art automatic methods for fascicle detection and measure, our approach yields a noticeable detection and measure accuracy and higher robustness to background and noise interference with a significantly lower computational cost. Furthermore, our method does not require any prior knowledge, so it is more feasible for clinical applications. In future work, we will extend the depth and breadth of clinical tests. Another interesting topic would be to solve the problem of automatic tracking of muscle status, and the possible extension applications of the proposed approach would be included.
